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Monitoring pavement rutting condition is crucial to highway agencies. Rutting depth measures have been extensively referenced for
diﬀerent purposes such as determining pavement present serviceability, modeling pavement deterioration, and so on. Over the decades,
various methods have been developed to measure rutting depth; however, two major problems have compromised the reliability and
consistency of rutting depth measurement in current practice. First, one measure or discrete rutting depths collected at relatively long
intervals have been used to represent the rutting condition of the entire pavement section, which results in imprecise and partial char-
acterization of the actual condition. Second, the rutting depth measures for left and right wheel-path have always been simply averaged
for further applications including integrating pavement indices, rutting classiﬁcation, and so on. Recently, an emerging system called
PaveVision3D Ultra is capable of producing 3D 1 mm virtual pavement surface model at highway speed for both network and project
level survey. In this study, with the bulks of ﬁeld-collected 3D 1 mm transverse proﬁle data, it was found that signiﬁcant variations of
rutting depth exist between left and right wheel-path as well as along the longitudinal direction. Considering these variations, multiple
applications of rutting depth data are modeled with suitable analytical methods such as Monte Carlo Simulation to identify the eﬀect of
rutting data distribution on Present Serviceability Index (PSI). Suggestions of reasonably utilizing the continuous rutting depth data are
proposed for practitioners.
 2016 Chinese Society of Pavement Engineering. Production and hosting by Elsevier B.V. This is an open access article under the CCBY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Rutting is one of the most important pavement dis-
tresses concerned by highway agencies [1–3]. Appearedhttp://dx.doi.org/10.1016/j.ijprt.2016.01.003
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Peer review under responsibility of Chinese Society of Pavement
Engineering.on the pavement wheel-paths as longitudinal depression
strips, repeated loadings and the consequential material
failure are the main causes of rutting [4]. Since the Ameri-
can Association of State Highway Oﬃcials (AASHO)
Road Test initiated in the late 1950s, rutting data have
been recorded in a majority of pavement management
databases [5–7]. Before the emergence of automated sys-
tems, rutting depth (RD) has been manually measured with
straightedge, string-line, or various types of walking proﬁl-
ers. Low cost and high accuracy and resolution are the
exclusive advantages of manual systems; nevertheless, thehosting by Elsevier B.V.
ommons.org/licenses/by-nc-nd/4.0/).
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gitudinal sampling density is vastly inadequate. According
to many agencies’ practice, for a unit-length pavement sec-
tion (e.g. 1 km or 1 mile)), usually one spot is manually
measured and the result is used to represent the condition
of the entire section. Moreover, manual survey is slow,
labor-intensive, interruptive to traﬃc, and unsafe to survey
crews. With the development of modern sensing technol-
ogy, since the late 1980s, automated systems such as
3-point and 5-point rut bar and 37-point ultrasound rut
proﬁler have been invented to collect RD data [6,7]. These
systems are mounted on the data collection vehicle, which
can collect transverse proﬁle data at highway speed, and
have been deployed by a number of agencies worldwide
[6,7]. In a most recent questionnaire interview, more than
70% of the 22 state Department of Transportation
(DOT) responders in the U.S. have been adopting trans-
verse proﬁlers equipped with 5 or less numbers of sensors
[6]. Some still stick to manual survey [6]. The low repeata-
bility and consistency of the limited-point automated
devices, which can be caused by inadequate accuracy of
sensors, vehicle wandering, and irregular shape of rutting,
is a fatal weakness to practice. In addition to the physical
limitations, management issues also hinder the reliable
and scientiﬁc utilization of rutting data. In general, three
signiﬁcant problems exist in current practice of RD mea-
surement [2,6,8,9]:
 Due to the wide adoption of manual rutting measure-
ment, the variation of RD values along the longitudinal
direction is rarely considered. One measure represents
the entire pavement section is a common practice.
 Most of the current in-service automated systems such
as 5-point rut bar lack adequate accuracy. Underesti-
mating the true RD value is the immediate outcome.
The legacy RD data are generally in low quality.
 The left (inner) wheel-path rutting depth (LRD) and
right (outer) wheel-path rutting depth (RRD) are simply
averaged in many agencies’ report. The diﬀerence
between RD measures from the two wheel-paths
remains unnoticed.
These issues result in incomplete, inconsistent, and
incomparable inventory data. A consequence is to impede
sound pavement modeling, inﬂuence the overall pavement
evaluation, and compromise optimal decision-making for
maintenance and rehabilitation. For example, the New
York DOT claimed that although the accuracy of 5-point
devices is demonstrated unsatisﬁed, as long as any of the
sensors passes the deepest rutting spot once during the data
collection, the maximum RD can be recorded for analysis
[6]. From the perspective of pavement engineers, practices
like this lack scientiﬁc rigor and shall be addressed.
Recently, a new generation of surface data collection
systems has emerged, where a leading prototype is the
PaveVision3D Ultra (3D Ultra in short) system engineered
by WayLink System Co. 3D Ultra is capable ofautomatically acquiring both 2D and 3D laser imaging
data from pavement surface and reconstructing the 3D vir-
tual pavement surface at 1 mm resolution at 60 miles per
hour [10–12]. To support the fully automated transverse
proﬁling, the protocols for data collection and rutting char-
acterization have been updated. Two developments are
promising to improve the rutting measurement practice:
the AASHTO Designation: PP69-10 Standard Practice
for Determining Pavement Deformation Parameters and
Cross Slope from Collected Transverse Proﬁles [13] and
the AASHTO Designation: PP70-10 Standard Practice
for Collecting the Transverse Pavement Proﬁle [14]. PP70-
10 speciﬁes requirements of transverse proﬁling including
width coverage, data resolution, longitudinal interval,
and so on. The most noticeable criterion is that it requires
a 0.5 m (1.5 ft) longitudinal interval for project-level data
collection. PP69-10 outlines a set of standardized and com-
puterized procedures for extracting rutting related parame-
ters from the collected transverse proﬁles. Abiding by these
two protocols, the accuracy and consistency of RD data
can be largely improved.
New standards and technology advancement are oppor-
tunities to break the premature practice of RD measure-
ment. Especially, the access to the longitudinal RD
proﬁle is meaningful to practitioners. As how the emerging
data set will change the practice attracts the concerns of the
pavement engineers, it is important to explore the potential
application of the novel data set. To address the applica-
tion of the new data set, this study focuses on three major
aspects: (1) examine the network-level RD data and iden-
tify their characteristics; (2) analyze the project-level RD
data under three diﬀerent applicable scenarios and elabo-
rate the impact of availability of longitudinal RD proﬁle
on the applications; (3) propose suggestions for DOTs on
how to eﬀectively use the novel data set.
This paper is organized as follows: ﬁrst, the 3D Ultra
system for transverse proﬁling is briefed. Second, the speci-
ﬁcs of data collection are outlined. The statistics of the net-
work data is examined. Third, a case study with a random
selected one-mile RD data is used to explore the diﬀerent
applications of the novel data set. Fourth, suggestions
are proposed based on the results of the case studies to
improve current practice. Last but not least, the conclu-
sions and future studies are recommended.
2. Data collection system
PaveVision3DUltra system breaks the constraints of his-
torical line-of-sight technique and provides fundamentally
novel data sets for engineers. Fig. 1a displays its hardware
system andFig. 1b shows the software exhibiting transverse
proﬁle analysis on collected images. 3D Ultra simultane-
ously collects both 2D and 3D images at 1 mm resolution.
For both images, the ﬁxed transverse width is 4096 mm
(161 in.). This coverage is suﬃcient for roadways as a trav-
eled lane is usually 3.6 m (12 ft). On the longitudinal direc-
tion, one image covers a length of 2048 mm (80 in.)
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Fig. 1. PaveVision3D Ultra system.
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sive transverse proﬁles at 1 mm resolution. The resolution
reaches 0.3 mm in the vertical direction. By incorporating
positioning data collections (high-frequency diﬀerential
GPS receiver, Distance Measurement Instrument (DMI),
and Inertial Measurement Unit (IMU)), data yielded from
3D Ultra are geographically and geometrically accurate.
3D Ultra meets all PP70-10 technical requirements and
is suitable for PP69-10 rutting characterization. Consider-
ing PP69-10 rutting characterization is based on the
wheel-path search where the true lane extraction is a pre-
requisite of accuracy, in this study, the lane identiﬁcation
is conducted semi-manually with the assistance of both
2D and 3D images displayed in Automated Distress Ana-
lyzer 3D (ADA3D) [15]. ADA3D is the embedded software
for transverse proﬁle analysis in 3D Ultra, where the PP69-
10 RD measures are calculated with preprogrammed
algorithms.3. Network data analysis
To observe the characteristics of PP69-10 based RD,
bulks of data have been collected under Arkansas State
Highway and Transportation Department (AHTD) ProjectTRC1103 [12]. Two asphalt surfaced National Highway
Systems (NHS) sections: US Highway 65 North Bound
(US65N) and US Highway 70 East Bound (US70E) in
Arkansas are analyzed, where the former is a divided high-
way and the latter undivided. The section length of US65N
is 110 km (70 miles) and US70E is 95 km (60 miles) in this
study. The outmost lanes are used for analysis. To make
the study data more representative but avoid redundancy,
for about every 200 m (100 images), twelve successive
proﬁles with a longitudinal interval of about 500 mm are
randomly sampled. After removing the outliers, 9499 trans-
verse proﬁles are obtained in total, 5157 for US65N and
4342 for US70E, respectively. According to PP69-10,
LRD and RRD are calculated for each transverse proﬁle
[13].
Fig. 2a and b presents the longitudinal RD proﬁles for
US65N and US70E, respectively. Fig. 3a and b exhibits
the histogram of RD distribution for the two pavement sec-
tions, respectively. Fig. 3c is the histogram of RD distribu-
tion for the combined data set. Table 1 lists the basic
statistics including mean, mode, range, standard deviation,
and coeﬃcient of variation (COV).
These visuals and numbers reveal some important
observations:
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Fig. 2. Longitudinal proﬁles of network-level RD.
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set, the characteristics of RD such as shape of distri-
bution and value ranges are close.
(2) Large variations are observed along the longitudinal
direction. All the COV values are very high. More-
over, COV values are larger on the left wheel-path
than those on the right wheel-path, indicating LRD
has a larger variation compared to the RRD.
(3) The RD values of the two wheel-paths are signiﬁ-
cantly diﬀerent. LRD is signiﬁcantly smaller than
RRD.
This ﬁnding is in concert with Simpson’s research, where
the manual RD measures are extracted from Long-Term
Pavement Performance (LTPP) program database [16].
Furthermore, correlation analysis is conducted to examine
the relationship between LRD and RRD. For US65N,
US70E, and the combined data set, the correlation coeﬃ-
cients are 0.53, 0.35, and 0.46, respectively, indicating only
moderate to weak correlation exists between LRD and
RRD.4. Project-level data application
Network data unveil the longitudinal variations and
wheel-path independence characteristics of the RD mea-
sures. However, in actual practice, it is seldom that net-
work data are immediately treated as an integration.
Along the longitudinal direction of pavement, rutting con-
dition data are conventionally divided into multiple unit-
interval such as one mile or one kilometer for analysis
and summary. Therefore, a systematic analysis of applica-
tions of project-level data is a necessity. According to the
agencies’ practice, there are three typical applications of
rutting condition data [6]. First, numerical RD data are
directly used as an independent indicator in pavement
design and evaluation [4,17]. Second, linguistic classiﬁca-
tions are deﬁned and used for rehabilitation decision mak-
ing. Third, along with other distresses, rutting is
incorporated into comprehensive pavement indices such
as Pavement Condition Index (PCI) and Present Service-
ability Index (PSI) [5,18].
To examine the impact of the variation of project-level
data on data application, a one-mile pavement section is
a. Histogram of LRD and RRD for US65N 
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b. Histogram of LRD and RRD for US70E 
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Fig. 3. Histograms of network-level RD.
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pavement section of 1646 m (1 miles) consists of 804 suc-
cessive 3D & 2D images. To meet PP70-10 requirement,
the 1st, 501st, 1001st, and 1501st proﬁle in each image
are chosen to compute the LRD and RRD. The lane issemi-automated extracted for all 804 images with ADA3D
to ensure accuracy.
With the 3216 analyzed transverse proﬁles and 6432 RD
values, this section focuses on analyzing the three applica-
tions of PP69-10 based RD measures: ﬁrst, the numerical
Table 1
Statistics of RD measures for US65N and US70E.
# of measures Mean (mm) Std. (mm) COV Mod. (mm) Med. (mm) Min (mm) Max (mm)
LRD
US65N 5157 13.99 9.92 0.71 0.00 13.67 0.00 52.08
US70E 4342 10.52 11.34 1.08 0.00 7.24 0.00 102.01
Combined 65 & 70 9499 12.40 10.73 0.87 0.00 10.96 0.00 102.01
RRD
US65N 5157 22.18 13.04 0.59 0.00 19.03 0.00 90.26
US70E 4342 20.00 10.44 0.52 0.00 18.60 0.00 82.29
Combined 65 & 70 9499 21.18 11.97 0.57 0.00 18.81 0.00 90.26
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when converted into descriptive classes; and third, the
function of RD when considered as a component in aggre-
gating PSI. Note that only analysis and results are pre-
sented in this section. Suggestions or solutions for DOTs
are proposed in the next section.
4.1. Application of numerical RD measures
Detailed statistics is displayed in Table 2. Fig. 4a and b
shows the longitudinal RD proﬁles and histogram of the
sample data set, respectively. It is uncovered that the result
is similar to the network-level analysis. Both longitudinal
and left–right wheel-paths reveal signiﬁcant variations on
this one-mile pavement section. With these data, three
problems in current practice are exposed: ﬁrst, the longitu-
dinal variation demonstrates that the manual survey is
extremely risky. Measures from one spot deﬁnitely cannot
represent the condition of the entire section. In most of the
occasions, the manual measure results in underestimate.
Furthermore, even the recording of mean value is danger-
ous as the maximum RD of the section is far greater than
the mean value. Second, reporting the average of LRD and
RRD is evidently unscientiﬁc. Being in concert with the
results from the network measurement, signiﬁcant diﬀer-
ence exists between LRD and RRD. Using the mean value
to characterize the pavement rutting condition is essentially
a loss of information and may jeopardize the application of
data. Third, the COV on left wheel-path is much larger
than that on the right path, indicating that the variation
of LRD is more signiﬁcant. Correlation coeﬃcient of
LRD and RRD is 0.47. Companying with Fig. 4a, it is
obvious that left and right rutting do not propagate simul-
taneously. It is found that the right wheel-path rutting is
severer on 2982 proﬁles (93%), whereas LRD is greater
than RRD on 234 proﬁles (7%). Generally, a random pat-
tern is observed between LRD and RRD.Table 2
Statistics of a sample project-level RD measures.
# of measures Mean (mm) Std. (mm)
LDP 3216 10.55 6.95
RDP 3216 20.13 5.83
Combined left & right 6432 15.34 8.014.2. Emerging problems in rutting classiﬁcation
For the convenience of pavement management, a major-
ity of highway agencies are prone to classify the numerical
RD measures into hierarchical classes and record the lin-
guistic class as the rutting condition [6,9]. Three or ﬁve
classes representing conditions from good to poor are con-
ventionally deﬁned by the agencies. As a matter of fact,
every highway agency may develop its own classiﬁcation
system based on its empirical practice. In this study, the
average threshold values of the US are used to illustrate
the problem [9]. The four threshold values are 4.4, 8.9,
13.3, and 17.8 mm, distinguishing rutting condition into
ﬁve evaluation classes as ‘‘very good”, ‘‘good”, ‘‘fair”,
‘‘poor”, and ‘‘very poor”, respectively [9]. Based on the
conventions in pavement management, three possible ways
to classify rutting are deﬁned as three scenarios and ana-
lyzed. In Scenario 1, the average of LRD and RRD for
each proﬁle is taken to comprise the data vector. Data vec-
tor of Scenario 2 consists of the greater value of LRD and
RRD for each proﬁle. For these two scenarios, 3216 RD
values are analyzed. Scenario 3 is the combined set of
LRD and RRD, where in total 6432 values are applied.
As illustrated in Fig. 5, the classiﬁcation results vary sig-
niﬁcantly. For both Scenario 1 and 2, ‘‘very good” portion
is very small, whereas in Scenario 3, 12% of the pavements
belong to ‘‘very good”. For the ‘‘very poor” condition, the
Scenario 2, the worst case of left and right wheel-path,
reaches 67%, which far exceeds the other two scenarios.
In addition, the Scenario 1, which is the average of LRD
and RRD, holds the most percentages for ‘‘good”, ‘‘fair”,
and ‘‘poor” among the three scenarios. It is also noticed
that if the average value of the combined set ‘‘15.34 mm”
is applied, the only deterministic category would be
‘‘poor”, which only provides partial information. Further-
more, if only one or two measures are taken for this sample
section, the classiﬁcation would be unbelievably biased.COV Mod. (mm) Med. (mm) Min (mm) Max (mm)
0.66 0.00 10.56 0.00 50.98
0.29 0.00 20.01 0.00 53.70
0.52 0.00 16.07 0.00 53.70
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Fig. 4. Characteristics of a sample project-level RD measures.
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tems in current practice are very sensitive to the data
reporting method.
4.3. Impact on calculating Present Serviceability Index
The Present Serviceability Index (PSI) of pavement is a
well-known indicator for overall pavement condition
assessment [5]. It was developed based on a panel rating,
the outcome of which is named Present Serviceability Rat-
ing (PSR) [5]. After the numerical formula (Eq. (1)) is cor-
related to the subjective PSR in 1960s, PSI has received
substantial attention and has been employed by a host of
State DOTs [6]. PSI is a score ranging from 5-to-0, where
5 being the perfect condition and 0 indicates a totally unac-
ceptable pavement condition [5]. The ﬁve intervals in-
between 5-and-0 also correspond to a set of linguistic
description: ‘‘very good”, ‘‘good”, ‘‘fair”, ‘‘poor” and
‘‘very poor”.
PSI ¼ 5:03 1:91log10 ð1þ sÞ  1:38r2  0:01
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðC þ P Þ
p
ð1Þwhere s = slope variance, C = percentage area of cracking,
P = percentage area of patching, r = depth of rutting (in.)
For ﬂexible pavement, PSI is determined by four pave-
ment surface characteristics: roughness, the amount of
cracking, the amount of patching, and the RD. In the for-
mula (Eq. (1)), rutting condition is an independent deduct
term of the polynomial. It weighs signiﬁcantly as it is a
quadratic term. Over the years, the impact of IRI measure-
ment on PSI values has extensively been examined but the
RD [19]. In past and current practice, due to the technical
availability, the average RD is calculated for the pavement
section as the rutting deduct value (DVR). However, if the
longitudinal RD proﬁle is available for this analysis, the
distribution of the data shall be considered.
Several combinations of the PP69-10 & PP70-10 RD
data can be used to generate the DVR in calculating PSI.
In this study, two deterministic scenarios and four proba-
bilistic scenarios are elicited. For the probabilistic scenar-
ios, the Monte Carlo Simulation (MCS) is employed to
establish the distribution of the DRV in PSI. The principal
objective of MCS is to predict the eﬀects of variations in
input data sets on the candidate system. By running a large
Fig. 5. Classiﬁcation of rutting severity levels.
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which reﬂect the probability density function of variables
as inputs to generate output, which is also in the form of
distribution, representing the cumulative density or proba-
bility density of the outcome [20]. It has been widely used in
pavement design and reliability studies [20,21]. Many soft-
ware programs provide the MCS. In this study, the
@RISK-for-Excel is applied to conduct MCS. The itera-
tion is 1,000,000 times for all scenarios.Two deterministic (D) scenarios are deﬁned as follows:
 Scenario DA (Deterministic Average): the DVR is cal-
culated with the average of all 6432 RD values, which
is 15.34 mm (0.604 in.).
 Scenario DM (Deterministic Max): the DVR is calcu-
lated with the average of a new longitudinal proﬁle,
which consists of the greater value of the LRD and
RRD for each proﬁle. 20.30 mm (0.799 in.) is applied.
Four probabilistic (P) scenarios are deﬁned as follows:
 Scenario PA (Probabilistic Average): the data vector of
this scenario is obtained through averaging the LRD
and RRD. As shown in Fig. 6a, normal distribution is
assumed with a mean of 15.34 mm (0.604 in.) and a
standard deviation of 5.49 mm (0.216 in.).
 Scenario PS (Probabilistic Separate): as shown in
Fig. 4b, two distinct distributions are utilized for
MCS. As shown in Eq. (2), LRD and RRD are modeled
separately. The LRD is assumed to be a uniform distri-
bution ranging from 0 to 21 mm. The RRD is assumed
to be normally distributed with a mean of 20.13 mm
(0.793 in.) and a standard deviation of 5.83 mm
(0.230 in.).
 Scenario PP (Probabilistic Pooled): as shown in Fig. 6b,
the LRD and RRD are pooled for MCS. Normal distri-
bution is also assumed where the mean and standard
deviation are 15.34 mm (0.604 in.) and 8.01 mm
(0.315 in.), respectively.
 Scenario PM (Probabilistic Max): the data vector is
comprised of the greater value of LRD and RRD in
each proﬁle. As shown in Fig. 6c, in the assumed normal
distribution, the mean and standard deviation are
20.30 mm (0.799 in.) and 5.80 mm (0.228 in.),
respectively.DVR ¼ 1:38 LRDþRRD
2
 2
ð2Þ
Fig. 7 presents the MCS results and the major statistical
indicators of the calculated DVRs are summarized in
Table 3. It can be seen that the scenarios using the greater
of the LRD and RRD (Scenario DM and PM) have signif-
icant greater deduct values than the other four scenarios in
terms of the mean value (also the median value for Sce-
nario PM). The maximum diﬀerence reaches 0.46, which
is very noticeable to PSI value as this deducted value is
solely from rutting performance. Many agencies determine
the allocation of rehabilitation funds and prioritize projects
on the basis of PSI value. If the errors from other distress
measures accumulate, the ﬁnal decision may be based on
biased data. In addition, it is found the D scenarios yield
a lower mean deduct value than the P scenarios. With
respect to the range of the MCS results, all the four P
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most. The 5th percentile and 95th percentile are examined:
Scenario PP and PM predict signiﬁcantly larger 95th per-centile value than the rest two scenarios; the smallest of
the 5th and 95th percentile value are seen in Scenario PP
and PS, respectively.
a. MCS Distribution for Scenario PA 
b. MCS Distribution for Scenario PS 
c. MCS Distribution for Scenario PP 
d. MCS Distribution for Scenario PM 
Fig. 7. Distributions of MCS results.
Table 3
Statistics of Monte Carlo Simulation results.
Scenario Mean Std. Mode Median 5th percentile 95th percentile
DA 0.50 – – – – –
DM 0.88 – – – – –
PA 0.57 0.38 0.36 0.51 0.08 1.28
PS 0.54 0.28 0.40 0.50 0.15 1.06
PP 0.64 0.57 0.00 0.51 0.02 1.76
PM 0.96 0.53 0.73 0.89 0.24 1.94
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The above analyses have illustrated the strength of the
new data set comparing to traditional practice. The current
practice is demonstrated unimaginably unreliable. Signiﬁ-
cant changes are promising to occur on rutting measure-
ment. However, challenges also emerge in terms of
scientiﬁc data application. With the analysis results, some
suggestions are proposed for practitioners:
First of all, the practice of RD measures being directly
recorded into the PMS database is discussed, which is the
fundamental for further data application. The large varia-
tions imply that recording one average number for one
pavement section is unwise [6,8]. In terms of wheel-path
distinction, both LRD and RRD should be reported. If
one number is required for one transverse proﬁle, the
greater value should be more beneﬁcial, to be conservative.Or the RRD is to be recorded, as on most of the proﬁles,
RRD is the larger one. Optimally, all longitudinal RD
measures shall be recorded. However, if the storage space
is limited, then the record of critical statistics of the data
set is recommended for future reference. The coeﬃcient
of variation (COV) should be viewed as an important indi-
cator in data reporting. If the COV is low, then the appli-
cation of average the longitudinal data is more reasonable;
otherwise important information is lost.
With respect to the further applications of rutting data,
subjective engineering judgment must be involved. External
factors shall be considered and the philosophy of the man-
agement is very important. As is seen in the case study, for
the rutting classiﬁcation, diﬀerent combinations of data set
yield signiﬁcantly diﬀerent classiﬁcation results. Since the
classiﬁcation is used to support decision, it is suggested that
the attitudes diﬀer based on the functional class or the
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the accident rate and AADT. For the high class pavement
sections meet with such criteria, conservative strategy shall
be adopted, which is to use the either worst-case of the
LRD and RRD, or the pooled data set for classiﬁcation.
For those pavement sections with less importance, the
average-based classiﬁcation can be adopted. State-wide
speaking, another consideration could be the climate zones,
for those zones with high rainfall intensity, more conserva-
tive measures should be deployed as rutting immediately
contributes to hydroplaning and spray and splash, which
are hazardous to traﬃcs. Furthermore, the localized rut-
ting also should be identiﬁed [8].
When the RD measures are used in combining pavement
indices, it is less reliable to use an integrated deterministic
number to calculate the PSI. Monte Carlo Simulation
(MCS) is a recommended tool to examine the impact of
the variations in original RD measures on the integrated
index system. The mean, median, 5th percentile and 95th
percentile value of the MCS output shall be important ref-
erences in decision making. Meanwhile, the uncertainty
(standard deviation) of the data shall be incorporated to
further analysis. When selecting the original data combina-
tion for analysis, the same philosophy of rutting classiﬁca-
tion also applies here. Last but not least, the distribution of
the input for MCS must be discreetly and reasonably
assumed.
With the mature application of project-level analysis,
the network-level data application is also eased. The long
section network data should be decomposed into small sec-
tions. The suggestions for project-level are also applicable
to network-level practice.
Overall, the objectives of data utilization must be explic-
itly determined before the actual application. The manual
measures should be eliminated soon unless for validation
purposes. The novel data set provides pavement engineers
a comprehensive picture of pavement rutting; however,
how to wisely use the data for decision-supporting must
depend on the reality.
6. Conclusions and future studies
In this study, network and project-level continuous 3D
RD data are produced with PaveVision3D Ultra system.
Numerical examples are employed to illustrate the poten-
tial changes to rutting measurement. Preliminary data
applications are discussed. Suggestions regarding how to
use the substantial amount of data are proposed. It is rec-
ommended the state transportation agencies formulate
their own practice based on the insights provided in this
study. For future study, PP69-10 proposes other rutting
parameters in addition to RD [13]. It is promising that in
future the characteristics of other parameters will also be
included in rutting measurement [11]. When calculating
the integrated pavement index, the Method of Moment
(MOM) can be explored to provide a reference to Monte
Carlo Simulation (MCS) [22]. Furthermore, this researchonly focuses on the one-lane rutting, comparison of
multi-lane-rutting and two-way rutting would be signiﬁ-
cant to pavement modeling purposes. In addition to
improve the state of rutting measurement practice, other
applications of novel rutting data sets will beneﬁt the pave-
ment research. For example, it would be very interesting
and meaningful to correlate the longitudinal RD proﬁle
with the roughness measurement such as International
Roughness Index (IRI).
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